Abstract. As population modeling is increasingly called upon to guide policy and management, it is important that we understand not only the central tendencies of our study systems, but the consequences of their variation in space and time as well. The invasive plant Alliaria petiolata (garlic mustard) is actively managed in the United States and is the focus of a developing biological control program. Two weevils (Coleoptera: Curculionidae: Ceutorhynchus) that reduce fecundity (C. alliariae) and rosette survival plus fecundity (C. scrobicollis) are under consideration for release pending host specificity testing. We used a demographic modeling approach to (1) quantify variability in A. petiolata growth and vital rates and (2) assess the potential for single-or multiple-agent biocontrol to suppress growth of 12 A. petiolata populations in Illinois and Michigan studied over three plant generations. We used perturbation analyses and simulation models with stochastic environments to estimate stochastic growth rates (k S ) and predict the probability of successful management using either a single biocontrol agent or two agent species together. Not all populations exhibited invasive dynamics. Estimates of k S ranged from 0.78 to 2.21 across sites, while annual, deterministic growth (k) varied up to sevenfold within individual sites. Given our knowledge of the biocontrol agents, this analysis suggests that C. scrobicollis alone may control A. petiolata at up to 63% of our study sites where k S . 1, with the combination of both agents predicted to succeed at 88% of sites. Across sites and years, the elasticity rankings were dependent on k. Reductions of rosette survival, fecundity, or germination of new seeds are predicted to cause the greatest reduction of k in growing populations. In declining populations, transitions affecting seed bank survival have the greatest effect on k. This contrasts with past analyses that varied parameters individually in an otherwise constant matrix, which may yield unrealistic predictions by decoupling natural parameter covariances. Overall, comparisons of stochastic and deterministic growth rates illustrate how analyses of individual populations or years could misguide management or fail to characterize complex traits such as invasiveness that emerge as attributes of populations rather than species.
INTRODUCTION
Matrix population models are powerful tools for interpreting the population ecology of plant species and informing population management (McEvoy and Coombs 1999 , Caswell 2001 , Morris and Doak 2002 . Increasingly, it is becoming possible to generate predictions for population management based on metaanalyses of accumulated species-specific demographic data sets. In particular, such syntheses enable generic ecological and evolutionary inference (e.g., Buckley et al. 2010 ) and offer management guidelines on the basis of plant growth form (e.g., Silvertown et al. 1993 ), lifehistory structure, and longevity (e.g., Ramula et al. 2008 ). While such predictions are valuable explorations of general ecological rules that may govern plant demography, their reliability in informing management of particular species and/or in specific contexts has seldom been empirically examined (Crone et al. 2011 ).
An individual plant species growing in different or changing environments or during different time periods can vary greatly in its life history (Horvitz and Schemske 1995 , Pascarella and Horvitz 1998 , Parker 2000 , Koop and Horvitz 2005 . Although understanding spatial and temporal variation in vital rates is important for understanding plant demography, empirical studies reporting this variation are rare (Buckley et al. 2010) . Demographic effects of such variability in matrix models are typically understood either by varying individual parameters across a range of values while holding other model parameters constant (a ''parameter sweep'') or by analytical incorporation of environmental stochasticity. The greatest shortcoming of the parameter sweep method is its implicit assumption that the covariances among vital rates are either null or unimportant (van Tienderen 1995) . In doing this, modelers risk formulating conclusions based on combinations of vital rates that do not occur in natural populations. Models that incorporate environmental stochasticity avoid this trap by holding multiple observed sets of vital rates fixed, which preserves their covariance structure. These models then assume that environmental conditions vary randomly between the time steps of the model (Tuljapurkar et al. 2003) , although this assumption need not be met in nature (e.g., Pascarella and Horvitz 1998) . In applied contexts, such as managing invasive weed populations, demographic or environmental variation can be significant enough that entirely different approaches are necessary for the management of the same plant species in different locations (Shea et al. 2005) . Models intended to yield generalizable management inferences should ideally be developed and parameterized with data from multiple populations and generations for this reason (Silvertown et al. 1996 , de Kroon et al. 2000 .
Alliaria petiolata (M. Bieb) Cavara and Grande (garlic mustard, Brassicaceae) is an invasive biennial weed in North America whose broad distribution and impacts on native communities have made it a model system in invasion ecology. Intensive conventional management can be effective locally but has not succeeded in stopping A. petiolata's landscape spread.
An initiative to identify potential biological control agents was launched in response to this, and several candidate agent species have been studied in feeding preference trials (Blossey et al. 2001 , Gerber et al. 2007a . Most promising among these are two weevils (Coleoptera: Curculionidae) whose feeding damage affects A. petiolata at different stages in its life history (Hinz and Gerber 2005) . Larvae of Ceutorhynchus scrobicollis attack overwintering rosettes, while C. alliariae attacks stems. Both species impact seed production through feeding on foliage as adults. Numerous studies have quantified aspects of A. petiolata's biology and ecology and show that individual A. petiolata survival and reproductive rates each vary broadly when compared across multiple studies : Table 1 ; Pardini et al. 2009 : Appendix A). However, a comprehensive analysis of variation in its population structure and dynamics at a regional scale has not been conducted previously. Responding to McEvoy's and Coombs' (1999) proposal that population models could help guide the selection of efficacious biocontrol agents, Davis et al. (2006) developed a model to investigate the potential vulnerability of A. petiolata to the two Ceutorhynchus species. Although they assessed many combinations of published demographic rates, the pooling of data from multiple field studies into a single model did not account for possibly important covariances among vital rates that could exist in natural populations. The management implications of this are not known.
In this study we quantified recruitment, survival, and reproduction using over 60 000 A. petiolata individuals at 12 study sites in Michigan and Illinois, USA, from 2005 through 2008. Results of previous demographic studies suggested two questions about A. petiolata (Buckley et al. 2003a , b, Shea et al. 2005 ). First, is the variation in each vital rate structured in space and/or time? We used generalized linear mixed models (GLMMs) to determine the hierarchical levels in the sampling scheme at which each demographic rate should be aggregated for use in simulations of A. petiolata population dynamics and management. Second, we asked how the observed variability in survival and reproductive rates affects variation in projected population dynamics and response to simulated management efforts when the natural relationships among vital rates are preserved.
By quantifying geographic variability in demographic rates that occurs within and among natural populations of the invasive weed A. petiolata in its invaded range, we not only test the generic management guidelines developed through meta-analyses (e.g., Ramula et al. 2008) , we also contribute to the broader pursuit of generalizations about the scales and sources of demographic variation and their consequences for interpreting plant population dynamics.
METHODS

Study species
Alliaria petiolata is an understory forb native to western Eurasia. It has been documented in North America since the 1860s (Nuzzo 1993 ) and now occurs in at least 37 states in the United States and five provinces of Canada (USDA-NRCS 2010). As a shade-and coldtolerant herb Anderson 1999, Meekins and McCarthy 2000) , A. petiolata is often among the earliest growing spring plants in temperate forests. Dormant seeds can remain viable in the soil seed bank for at least 13 years (V. Nuzzo and B. Blossey, unpublished data) . Negative density dependence has been described for survival and fecundity (Meekins and McCarthy 2000 , Winterer et al. 2005 , Pardini et al. 2008 , Pardini et al. 2009 ), but has not been studied in germination or recruitment rates. Like other Brassicaceae, A. petiolata has complex allelochemistry that negatively affects competitors through disruption of soil microbial and fungal communities (Prati and Bossdorf 2004 , Stinson et al. 2006 , Lankau 2010 . Notably, the strength of these impacts diminishes with invasion age (Lankau et al. 2009 ). Few pathogens or herbivores cause significant damage to A. petiolata in its invasive range (Evans and Landis 2007, Keeler and Chew 2008) , although Yates and Murphy (2008) found three naturalized herbivore species that successfully develop on A. petiolata in southwestern Ontario, Canada.
The A. petiolata life cycle in the northern continental United States is described in terms of the three lifehistory stages present in early summer just before seed set: dormant seeds in the soil seed bank (S), first-year rosettes (R), and flowering second-year ''adult'' plants (P) about to set seed (Fig. 1, top) . In the life cycle diagram, each arrow represents the annual transitions that an individual can make between stage classes (e.g., S!R, R!P). Multiple sub-annual vital rates measured in the field comprise each annual transition. Seeds of A. petiolata germinate in early spring after a period of cold stratification (Baskin and Baskin 1992, Raghu and Post 2008) and can produce dense carpets of seedlings. In the FIG. 1. Alliaria petiolata (garlic mustard) life cycle diagram and corresponding projection matrix A. Arrows represent one-year transitions from June of year t to June of year t þ 1 and are composed of sub-annual vital rates: per capita fecundity ( f ), germination probabilities of new seeds within one year of seed set (g 1 ) and of dormant seeds from the soil seed bank (g 2 ), and seedling (s r ), summer rosette (s sum ), winter rosette (s win ), and dormant seed (s s ) survival probabilities. The s s parameter is raised to the 2/3 power in the seed-to-rosette transition to account for seed survival over nine months (2/3 of a year) prior to germination. Matrix columns correspond with the life history stage individuals are transitioning from at time t, where columns 1, 2, and 3 (from left) are seeds, rosettes, and flowering plants. Rows indicate life history stages to which individuals are transitioning in time t þ 1. For example, matrix element a 32 represents the transition from rosettes (column 2) to flowering plants (row 3) in matrix A. Following Davis et al. (2006) , the variables c 1 and c 2 simulate rosette mortality and fecundity reduction due to biocontrol and are shown as (1 À c n ) to express them in terms of survival. (Durka et al. 2005) . Seeds develop in slender fruits (siliques) along the upper stem and are shed from August through September after all flowering plants have senesced. Individual siliques contain 14-21 seeds (Cruden et al. 1996, Evans and Landis 2007) . Mean per capita fecundity estimated in eight Michigan forests in a previous study was 194 ; bootstrapped mean and 95% CI) (Evans and Landis 2007) . Dispersal of seeds is likely facilitated by deer, mice, and humans. Past studies have demonstrated large variation in all A. petiolata vital rates .
Biological control
The life cycles of C. scrobicollis and C. alliariae are documented in Gerber et al. (2007b) . Because it appears most likely that C. scrobicollis would be released initially (Gerber et al. 2007b ) with C. alliariae possibly following, we considered the effects on A. petiolata of releasing C. scrobicollis singly (one agent) and with C. alliariae (two agents) in our analyses. Individually, C. scrobicollis can reduce fecundity by 0-49% (Gerber et al. 2002 (Gerber et al. , 2007a and rosette survival by 0-45% (data from Gerber et al. 2002 Gerber et al. , 2007b E. Gerber and H. Hinz, personal communication) , while C. alliariae can reduce fecundity by 0-25% (Gerber et al. 2007b (Gerber et al. , 2008 but does not affect rosette survival (Gerber et al. 2007b) . Combined, the two agent species could reduce fecundity up to 50% and rosette survival up to 82% (Gerber et al. 2002) . Given the small sample sizes used, the effects of insect density on efficacy, and the wide range of impacts caused by these species in different experiments, it is hard to know the precise effects they might have on A. petiolata if released in North America or of variability associated with their predicted efficacies. Because of this uncertainty, we assumed that each agent's or agent combination's impacts were uniformly distributed across the range of observed efficacies from zero to the reported maximum. Fig. B1 ). Sites were selected based on accessibility and on the presence of established, unmanaged A. petiolata populations. We quantified seven annual and sub-annual vital rates in the field. Four replicate measures of each vital rate were taken at each site for each of three time intervals. We call these intervals ''years'' for convenience and identify them using the first year of sampling in each period: 2005-2007 (2005), 2006-2008 (2006), and 2007-2009 (2007) . Each ''year'' is not a true cohort, but represents a group of individuals co-occurring at a given location over a given time interval.
Detailed descriptions of data collection are in Appendix A. We established four groups of sampling quadrats within each site: two near the forest edge and two in the interior. This allowed us to test for edge effects predicted by studies linking A. petiolata growth to light availability (Dhillion and Anderson 1999 , Meekins and McCarthy 2000 , Myers et al. 2005 . Sampling areas were spaced 20-150 m apart within each site as space permitted. A cluster of seed germination trays and two types of permanent quadrats were established within each sampling area in which we estimated A. petiolata vital rates (see Plate 1). Annual seed survival probability (s s ), germination of newly shed seeds after one winter (g 1 ), and germination of dormant seeds after two winters (g 2 ) were measured destructively in 20 3 20 cm, open, stainless steel mesh trays buried at the soil surface using seeds collected near the experimental plots. Seedling survival (s r ) to the rosette stage was measured nondestructively using naturally occurring plants from February through June each spring in 25 3 25 cm (Michigan sites) or 20 3 20 cm (Illinois sites) quadrats. Summer (s sum June-October) and winter rosette survival (s win , October-June) were measured nondestructively in 50 3 50 cm (Michigan sites) and 40 3 40 cm (Illinois sites) quadrats. Fecundity ( f ) was estimated nondestructively for each surviving mature plant in the rosette survival quadrats by counting the number of siliques and scaling by the number of seeds per fruit using the regression in Appendix A. While the differences in quadrat sizes between Michigan and Illinois were unintended, they do not affect our parameter estimates, which are based on proportional survivorship rather than absolute counts. A time line illustrating when data were collected is shown in Table 2 .
Statistical analysis and parameter estimation
We used generalized linear mixed models (GLMMs) to evaluate how each of the seven vital rates in the A. petiolata life cycle varied in time and space. The fitted statistical models were then used to generate estimates of each vital rate for each site and year to parameterize the matrix population model. Models of s s , g 1 , g 2 , s r , s sum , and s win were fit using a binomial error distribution and logit link. Fecundity was modeled with a negative binomial distribution and log link using the number of siliques per plant at the individual plant level (n ¼ 949 plants) as the response variable.
For each vital rate, we developed a set of candidate models that embodied alternative hypotheses about which spatiotemporal levels of the data structure were important. We then used Akaike's Information Criterion with bias correction (AIC c ) to evaluate which models were best supported by the data (Anderson 2008 ). Details about model fitting, ranking, and handling of overdispersion are provided in Appendix A. An explanation of the manner in which spuriously supported models (sensu Anderson 2008) were identified is in Appendix A.
The full model structure for all vital rates except s s included fixed terms for site, year, the site 3 year interaction, and location (edge vs. interior) plus a random quadrat effect within each site to account for correlations between repeated observations of individual quadrats. Reduced models included all factorial combinations of the fixed effects in the full model plus an intercept-only model for a total of 10 models per demographic rate. All analyses were conducted using the GLIMMIX procedure (SAS Institute 2008) except where noted. All code and spreadsheets used in analysis, result processing, and model ranking are available in the Supplement.
Matrix model construction
Our assessment of A. petiolata population dynamics and projected response to management was based on deterministic and stochastic matrix models and simulations. We constructed a matrix model with a one-year projection interval that summarizes the A. petiolata life cycle in the transition matrix A (Fig. 1) . The entries in A quantify the probabilities that individuals in a given stage class transition or contribute to any other stage class the following year through survival, growth, or reproductive output (Caswell 2001) . The matrix structure was based on Davis et al. (2006) and included stage classes for dormant seeds (S), rosettes (R), and flowering plants (P). One matrix was parameterized for each site during each year using the marginal predicted values of the lower-level parameters from the GLMM analyses, yielding three matrices per site, for a total of 36 A matrices.
We calculated the population growth rate (k) as the dominant eigenvalue of each A matrix (Caswell 2001) , where k . 1 indicates increasing population size and k , 1 indicates population decline. In demographic terms, the goal of A. petiolata management is to maintain k below 1. We used sensitivity and elasticity analyses of the sub-annual transitions to interpret how k responds to perturbations of the vital rates. The sensitivities (S x ) and elasticities (E x ) indicate the linear and proportional responses to perturbations of each vital rate x, respectively (de Kroon et al. 1986 , Caswell 2001 ). The E x were then plotted against the vital rates and k, which serve as a set of empirical partial second derivatives of lambda with respect to each transition. Because the E x do not sum to 1, they should not be interpreted as proportional contributions to k as is often done with upper level elasticities (Caswell 2001) . Calculations used in these analyses are detailed in Appendix A.
Stochastic simulation model.-Second, we used a stochastic simulation with independent, identically distributed sequences of environments (Caswell 2001) to project population responses to management at each site while integrating across the annual variability in vital rates. We calculated the frequency distribution of the stochastic growth rate (k S ) at each factorial combination of fecundity (c 1 ) and rosette (c 2 ) management efficacies from 0 to 1 in increments of 0.01.
The predicted response of each site to management was derived from zero-growth isoclines (contours of 
Note: Su, F, W, and Sp indicate summer, fall, winter, and spring, respectively. The time interval over which a parameter was measured. à The summer survival transition that was measured in the smaller seedling survival-sized quadrats in Michigan for the 2005-2006 generation.
§ The germination probability of dormant seeds from the soil seed bank (g 2 ) was estimated rather than measured.
mean k S ¼ 1) indicating combinations of c 1 and c 2 that stabilize population growth. These were interpreted using the observed range of candidate biocontrol agent impacts on A. petiolata rosette survival and fecundity estimated during agent host specificity testing (Gerber et al. 2007a (Gerber et al. , b, 2008 E. Gerber and H. Hinz, personal communication) . The ranges of possible impacts from C. scrobicollis alone and from C. scrobicollis with C. alliariae were superimposed on the zero growth isoclines as shaded boxes. Sites in which zero growth isoclines intersect the parameter space of the biocontrol agents can potentially be controlled. We estimated the mean probability of successfully controlling A. petiolata at each site as the proportion of simulations within the biocontrol agent parameter space (the shaded areas in the figures) above the zero growth isoclines. Confidence intervals of the predicted probability of success were calculated similarly using the upper and lower 95th percentiles of the distribution of k S . Model implementation is detailed in Appendix A, and MATLAB code to run the simulations is provided in the Supplement.
RESULTS
Due to the large scale of this study, we present only those results that have greatest bearing upon management in the article. Other results relating to basic demographic variability are shown in Appendix B.
Data overview
Alliaria petiolata demographic rates were highly variable across the 12 sites and three years of the study (Appendix B: Fig. B2) . The quadrat-level distributions of most vital rates were right-skewed (Fig. 2) , with high frequencies of 0% rosette survival in summer (25 of 143 observations, s sum ¼ 0.215 6 0.03 [mean 6 SE]) and winter (30 of 121 observations, s win ¼ 0.349 6 0.03). This contrasts with seed survival (100% survival 70 of 113 observations, s s ¼ 0.919 6 0.02), and the more uniform distribution of seedling survival (s r ¼ 0.486 6 0.04) where we observed 0% survival in only four out of 144 comparisons. Germination of newly shed seeds after one winter (g 1 ) (0.309 6 0.03) and after two winters (g 2 ) (0.126 6 0.03) was lower than comparable mean rates compiled from the literature by Pardini et al. (2009) and was closer to the means of rates assembled by Davis et al. (2006) . Few other A. petiolata studies have reported measures of s sum and s win . These are more commonly presented as s rf , the probability of surviving from the rosette to the flowering stage over a full year. The estimated s rf (0.105 6 0.014), calculated as the product of s sum and s win , was also considerably lower than previous estimates (mean of rates compiled in Davis et al. [2006] ¼ 0.548).
Generalized linear mixed-model analyses
Likelihood-based evaluations most strongly supported the model of s s with fixed effects for site and year and models of g 1 , g 2 , s r , s sum , s win , and f with fixed effects for site, year, and site 3 year interactions (Appendix A: Table A1 ). For each of these latter vital rates, the second best supported model also included a term for forest edge vs. interior location. Except for s win , each had a DAIC of between 2 and 4, but the extra parameter for location did not explain any additional variance in the response, evidenced by the similarities of their log likelihood values [ln (l )]; Appendix A). The remaining models in each set had little support from the data. In the case of s win , the second best model had a DAIC of 0.3 and improved model fit slightly. Because this competing model had 45.6% of the Akaike weights, we used model averaging (Anderson 2008) to estimate predicted values and standard errors of s win for each site and year. The models' marginal predictions (i.e., excluding random quadrat effects) are plotted against the observed values in Appendix B: Fig. B3 and are presented in Appendix C with their standard errors.
Population growth
Annual population growth rates (k) ranged from 0.56 to 5.41 (Table 3) . Three sites never reached a k of 1. Five had positive growth during a single year only, four during two years only, but none had positive growth during all three years. Temporal variation in k across all sites was summarized by comparing the column means of the annual, deterministic k estimates in Table 3 ; across sites, k was greatest in 2005 and decreased thereafter. The mean in 2005 was influenced by two sites (B, HL) that had very high k. Excluding these sites, the mean k in 2005 was 1.05, which results in an almost perfectly linear decline in mean k over time (r 2 ¼ 0.999, df ¼ 1, P ¼ 0.0057).
We evaluated spatial variation in population growth using the stochastic growth rates (k S ) from each site ( Table 3) . Estimates of k S ranged from 0.78 (HR) to 2.21 (HL), and eight of the 12 populations (67%) had k S ! 1. The mean k S was 1.15, meaning that on average the A. petiolata study sites supported positive growth.
Sensitivity and elasticity analyses
The elasticities of k to the vital rates (E x ) were differentiated along gradients of k (Fig. 3) and highlight the importance of growth and fecundity transitions when k is high. Population growth rate had the greatest elasticity to perturbation of dormant seed survival (E ss ) in 30 of 36 site-years (Fig. 3) , but the magnitude of E ss declined as k increased. The elasticities of k to g 1 and to f, s r , s sum , and s win were greatest when k was high. These latter four elasticities have identical values for reasons inherent in the model's structure and are collectively abbreviated ''E 4 .'' We used Pearson correlations to interpret the relationships between the lower-level elasticities, k, and the lower-level demographic rates and to help draw conclusions relevant to management.
The effect of E 4 on k is principally a function of summer survival. E 4 has the strongest relationship to s sum (r ¼ 0.630, P , 0.0001; Fig. 4 ; df ¼ 34 for all correlations in this section) of the vital rates, but is also correlated with ln ( f ) (r ¼ 0.421, P ¼ 0.0105), s win (r ¼ 0. 410, P ¼ 0.0129), and ln (k) (r ¼ 0.774, P , 0.0001). E 4 exceeded E ss in six of the seven site-years with the greatest k. Seed survival (s s ), which had low variability, was not correlated with ln (k) (r ¼ 0.128), although s sum (r ¼ 0.697, P , 0.0001), ln ( f ) (r ¼ 0.574, P ¼ 0.0003), s win (r ¼ 0.356, P ¼ 0.0330), and g 1 (r ¼ 0.417, P ¼ 0.0113) were. The reversal in ranking of E ss and E 4 (Fig. 3) results not from a trade-off between s s and s sum , but rather from the response of k to increasing s sum as s s remains relatively invariant. The elasticity of k to s s thus becomes inflated when reductions in the other more variable transitions cause k to decrease. The sensitivities reveal that k's linear responsiveness to additive perturbation of s win , g 1 , and s sum increases with k (Fig. 5) . Germination of newly shed seeds after one winter and s sum were also positively correlated (r ¼ 0.505, P ¼ 0.017). Because of our sampling scheme (Table 2) , this means that g 1 is correlated with s sum from the preceding calendar year. Importantly, s sum is greatest among populations with the lowest k. Elasticities without smoothing are shown in Appendix B.
Zero growth isoclines
Alliaria petiolata's responsiveness to simulated management varied with population growth rate (Fig. 6) . In  Fig. 6 , the larger shaded area represents the ranges of increased rosette mortality (x-axis, 0-50%) and reduction of fecundity (y-axis, 0-82%) simulated in A. petiolata by the combined actions of the candidate biocontrol agents C. scrobicollis and C. alliariae in laboratory and field studies. The smaller shaded area shows the range of observed impacts of C. scrobicollis alone on fecundity (0-49%) and rosette survival (0-45%) across all experiments. In populations in which k S , 1, the isoclines fall below the origin in Fig. 6 , and we interpret that management has a 100% chance of success.
We predict that seven of the eight (88%) A. petiolata study populations with k S ! 1 are potentially controllable if C. scrobicollis and C. alliariae are released together. However, this estimate assumes that agent efficacy is at the maximum of the expected range for both agents (top right corner of outer shaded area in Fig. 6 ). Of these seven sites, four have a 50% or lower predicted probability of being successfully controlled (Table 4 ; 95% CI less than or overlapping 0.5 probability). If C. scrobicollis is released alone and performs at its maximum observed efficacy, we predict that A. petiolata could be suppressed at up to five of eight sites (63%) sites with k S . 1 (top right corner of inner shaded area in Fig. 6 ). Four of these sites (HSP, ELF, IR, and B) are predicted to have less than a 50% probability of being successfully controlled. Fewer sites are predicted to be controlled if the agents perform below their maximum efficacy or if their distribution of efficacy is not uniform. If C. scrobicollis only reduces rosette survival by 7% and has no effect on fecundity (Gerber et al. 2007a) , no additional sites are controllable beyond the four unmanaged sites where k S , 1. Biological control is unlikely to contribute to management of A. petiolata at sites whose 95% CI of management success include zero.
The annual variation in demographic rates within each site caused considerable differences in agent efficacy required to suppress growth during individual years. Annual zero growth isoclines using Davis et al.'s (2006) deterministic analysis are shown in Appendix B. At each site, at least one of the three annual zero growth isoclines intersects or falls below the larger shaded agent impacts area. This indicates that the population could be suppressed under the assumption that the demographic rates in that population were fixed and the population exhibited asymptotic dynamics. However, our finding that demographic rates vary among years overshadows the utility of predictions made from the annual models.
DISCUSSION
We observed large variation in A. petiolata vital rates that ultimately affected population growth and management predictions. To our knowledge, the range of transition values found in our four-year study contains almost all published values for A. petiolata demographic rates from populations across eastern North America over the last 30 years (Fig. 2) . The frequency distributions of most vital rates in our data parallel the distributions of these published rates, evidenced by the correspondence between the histograms and the clustering of published rates in Fig. 2 (note the letter symbols under the histograms indicating previously published rates). Mean transition rates in this study were not Notes: Estimates were summarized within each site by stochastic k (k S ), the population growth rate of the average population within each site calculated from the stochastic population projection with uncorrelated environments. The mean growth rate across sites within each year and across all k S is given in the bottom row. The arithmetic mean k S is the average k across the study system. See Table 1 for an explanation of site and state codes.
FIG. 3. Elasticities (E x
of population growth rate, k, to sub-annual vital rates seed survival (E ss ) and E 4 vs. k. The figure illustrates how k can be used to delineate management recommendation domains among populations with different demographic properties or within populations with variable growth rates over successive years. The elasticities of k to f, s r , s sum , and s win were identical and are represented together as the solid line (E 4 ). Logistic regression lines are overlain to show trends. See Fig. 1 for an explanation of abbreviations.
significantly different from those of the compiled published rates based on overlapping 95% bootstrap confidence intervals using site by year means. An exception to this was rosette-to-flowering survival (s rf ), which was lower in our system (this study, 0. The mixed-model analyses revealed important spatial and temporal structure underlying the variation in vital rates (Appendix B: Fig. B2 ). Seedling survival exhibited the most pronounced spatial structuring, increasing from southwest to northeast within each year. This gradient may have resulted in part from differences in germination phenology between northern and southern sites, which could be offset by up to several weeks during some years. The stronger temporal structuring of summer and winter rosette survival could have been driven by variation in summer drought Quinn 1998, Pardini et al. 2009 ), which was more pronounced in 2005 than in subsequent years. Interestingly, most individual sites maintained their same rank in s sum , s win , and g 1 as in the first year (Appendix B: Fig.  B2 ). In other words, the ''best'' sites for many transitions in a good year were still better, even when conditions were less favorable across the region. The relationships of individual parameters to exogenous environmental variation should be explored further in future analyses.
Published estimates of deterministic k from individual A. petiolata populations range from 1.2 (V. Nuzzo and B. Blossey, unpublished data in Davis et al. 2006 ) to 4.4 (Drayton and Primack 1999, Rejmanek 2000) . While the mean k (1.24, mean of 36 annual growth rates) and k S (1.15) from our study were at the low end of this range, their medians were well below it (0.97 and 1.08, respectively). In fact, k S was less than or equal to 1 at 33% of the sites, even in sites that had one or more years of positive annual growth. This was a surprising result from a notoriously aggressive weed such as A. petiolata, and it reinforces two important concepts that we should consider when thinking about invasive species. The first is that robust inference of a species' demography and management is predicated on understanding the spatial and temporal variability in its population dynamics. This requires understanding multiple populations spanning the species' geographic range. Our study accomplishes this only superficially, given A. petiolata's large range. Second, the annual estimates of deterministic k are not necessarily good surrogates for stochastic k or projected long-term population growth. For example, k varied over sixfold within the Bartelt site, ranging from 0.75 to 5.41, but varied less than 1% in the IR site where all annual k were ,1 (Table 3) . While annual growth at the B and IR sites differed radically, their k S were nearly identical at 1.19 and 1.18, respectively (Table 3) . Why does this occur? A disconnect between the annual k estimates and k S can arise if there are differences in vital rates among the matrices from which k S is derived. For example, imagine a site with one matrix with high s r and two matrices with low s sum . On average, plants that FIG. 4 . Empirical second derivatives of population growth rate k: observed variation in elasticities of Alliaria petiolata population growth vs. observed variation in the lower demographic transitions. In each panel the elasticity of k to each lower-level demographic rate from the 36 site 3 year matrices is plotted against the observed value of the transition indicated on the horizontal axis. The elasticities of k to f, s r , s sum , and s win were identical and are represented together with one line, labeled E 4 . The eight panels show the same empirical data sorted differently. The data are sorted from left to right by the transition labeled on the horizontal axis. Contours were smoothed using a LOESS smoother (Burkey 2009) survive the seedling stage will have low summer survival during the next time step because individual plants are ''passed'' from matrix to matrix randomly in the simulation, and 66% of the matrices have low s sum . This variability in vital rates makes it challenging to characterize a site or to generalize about A. petiolata demography based on any single year of data.
The growth rate(s) and invasiveness of any one population are the products of the individuals in that population interacting with the biotic and abiotic components of their environment. A population's ability to capitalize on fluctuations in its selective environment through rapid evolution of advantageous traits may be an important determinant of invader success (Lee and Gelembiuk 2008) . For example, Lankau et al. (2009) showed that longer-established A. petiolata populations lose their allelopathic capacity as selection favors reduced allocation to anti-mycorrhizal secondary chemistry over time. These chemical differences among populations alter how A. petiolata interacts with competitors and thus are likely to feed back on population growth rates as well. Whether these feedbacks increase population longevity remains to be seen, but they may serve to stabilize population growth trajectories at decadal scales (e.g., Lankau et al. 2009 : Fig. 5a ). Collectively, our results suggest that it may be productive to consider invasiveness as a property of individual populations rather than species.
The importance of covariances between vital/transition rates One of our most important findings is that both the magnitudes and rankings of the lower-and upper-level elasticities varied in space and time. This contrasts with previous analyses based on parameter sweeps within otherwise fixed matrices in both A. petiolata and other agricultural weeds (Davis 2006 . As these authors acknowledge, this method does not account for correlations or covariances among the vital rates likely to occur in natural populations (van Tienderen 1995) . Thus, their finding that elasticity rankings remain relatively constant may be an artifact of allowing the natural covariance structure to break down in the parameter sweep. Because each matrix in our simulation was parameterized from a single site-year of a natural population, the analysis preserves the natural relationships among the vital rates (e.g., the correlation between s sum and g 1 ). Thus, covariances between parameters appear to have a more important role in our understanding of management effects upon a species than the life history of the species itself. In other words, a model's structure does not inherently dictate its predictions.
A number of authors have shown how elasticity rankings of critical transitions can vary among matrices with different growth rates; in general, the summed elasticities of k to survival transitions are negatively correlated with k, while those of growth and reproductive transitions show the opposite trend (Silvertown et al. 1996 , de Kroon et al. 2000 , Ramula et al. 2008 . These same patterns emerged in our A. petiolata data. In fact, Ramula et al.'s Fig. 3 is strikingly similar to our Fig. 3 . The key difference is that the variation in growth and elasticities in their analysis results from assuming that each species has a single, unique A matrix, whereas we find similar patterns and scales of variation among populations of a single species. By summarizing each species with a single mean matrix, some meta-analyses obscure the capacity of invasive plants to have different elasticity structures in different times or locations as k varies. For this reason, Silvertown et al. (1996) eloquently recommend that management guidelines not be extracted from a single transition matrix but from the directional relationship of k to the individual or aggregate elasticities from multiple matrices. They point out that deriving management inference exclusively from FIG. 5 . Sensitivities of population growth rate k to lowerlevel Alliaria petiolata transitions x vs. k for 36 individual siteyears. The sensitivity of k to management of rosettes in winter or summer and germination of new seeds increases as k increases. The vertical lines at k ¼ 1 differentiate between expanding populations (right) and declining populations (left). The seven sensitivity contours are split into two panels, and LOWESS smoothing was applied to each line to improve readability. In the lower panel, the line for f has values close to zero. declining populations with low recruitment and dominated by self-loops (e.g., S!S in A. petiolata) should be particularly avoided since their elasticity structures will undervalue management of growth and recruitment pathways that are frequently dominant in growing populations. In light of this, our study suggests that the management recommendations in Ramula et al. (2008) for species with different life histories and growth rates might be more appropriately interpreted at the population level. The documentation of similar relationships between k and elasticities in other species (e.g., Silvertown et al. 1996) suggests that our prediction that some populations may require more intensive management than others would likely apply to other species with similar life histories as well. However, transferring model-derived management recommendations among species is not advised (Buckley et al. 2010 ).
Management
Our perturbation analyses support Ramula et al.'s (2008) general recommendation that management of short-lived weed species or populations with high growth rates should target growth and fecundity transitions. Alliaria petiolata population dynamics fluctuated from being driven primarily by growth and reproduction when k is high to being maintained through the seed bank when k is low. This effect was principally dependent on variation in summer rosette survival, which was the largest demographic bottleneck in the system. The sensitivity analysis further underscores the potential for management of winter and summer rosette survival as well as fecundity to have the greatest effect among populations in which k is large. Thus, the more vigorously A. petiolata grows, the more vulnerable it should become (demographically) to management of rosette survival and fecundity. Management practices including herbicide FIG. 6 . Zero-growth isoclines (contours of k S ¼ 1, indicating stable Alliaria petiolata population size) for each of 12 study populations assuming a random sequence of the three environments (years) using a stochastic projection model. The x-and y-axes in each plot represent the efficacy of rosette or fecundity management simulated by increasing the variables c 2 or c 1 , respectively, from 0 to 1. The larger shaded area shows the observed range of seed reduction and rosette mortality caused by the combined actions of the root-and stem-mining weevils Ceutorhynchus scrobicollis and C. alliariae (see Davis et al. 2006 : Table 2 ). The smaller rectangle within the shaded area indicates the range of observed impacts of C. scrobicollis alone, where the upper right corner is the maximum observed impact of C. scrobicollis. Contours that intersect the larger shaded area represent populations that could theoretically be controlled by C. scrobicollis and C. alliariae together at a given level of agent efficacy (e.g., site JP would only be controlled if actual agent efficacy is at the high end of the observed range). Contours that intersect the smaller shaded area could theoretically be controlled by C. scrobicollis alone. The lighter lines represent the 95% confidence interval. The lines from four plots do not appear in the plot because they have k S , 1. Impacts of C. alliariae alone are not shown because it has not been shown to reduce fecundity under realistic field conditions. See Table 1 for an explanation of the site codes. treatment of fall rosettes, hand pulling adult plants prior to seed dispersal (Nuzzo 1996 (Nuzzo , 2000 , or biological control that targets appropriate life history stages could thus all contribute to population suppression.
The two candidate biocontrol agent species, C. scrobicollis and C. alliariae, are well matched to A. petiolata in terms of affecting it at the appropriate life stages. Because it can affect both rosette survival and fecundity simultaneously, our simulation model projects that the root-mining weevil C. scrobicollis has the potential to suppress A. petiolata in up to 63% of the study populations with k .1 if it performs at its maximum efficacy. Introducing the weevil C. alliariae as a second agent could extend control of A. petiolata in 88% of simulations.
While the concordance between our predictions and Davis et al.'s (2006) is encouraging, it is important to note that these numbers represent the best possible outcome, given the data and assumptions about agent efficacy underlying each analysis. In reality, the impacts of either agent will likely be lower than the maxima observed in feeding trials and, thus, those numbers are likely overly optimistic. In contrast to the perturbation analyses, the stochastic simulation indicates that the populations with the highest k S will be the most difficult to control. Even though specific transitions may be vulnerable to management during some years in these sites, the randomization of matrices allows these transitions to have different elasticities in alternate years. This makes optimal management a moving target when considered on an annual basis but is a more realistic approximation of longer-term dynamics.
Because of this, it may be necessary to supplement any biological control agents with additional conventional management in some populations and years. The dependency of k on certain vital rates may serve as a useful decision guide when planning supplemental management action in aggressive populations. For example, we could use a classification tree to predict whether a population is predicted to have a k . 1 (De'ath and Fabricius 2000) . Modeling this as the categorical response and using the vital rates as predictors produces a simple decision tree with two splits (Appendix B). Site-years in which s sum , 0.196 have a predicted probability of 0.13 of having a k . 1. Those with s sum ! 0.196 have a predicted probability of 0.40 of having k . 1 if f , 53.7 the following year, but have a 100% predicted probability of k . 1 if f ! 53.7. If monitoring data revealed summer survival of greater than ;20%, efforts could be made to pull or spray rosettes in the fall or early winter. Whether this would affect the efficacy of overwintering C. scrobicollis is unclear from currently available data.
The model presented here makes several simplifying assumptions about A. petiolata's biology as well. Density dependence is important in many A. petiolata demographic transitions (Winterer et al. 2005 , Pardini et al. 2008 , 2009 ) and population growth McCarthy 2000, 2002) . An important next step to interpreting the behavior of A. petiolata populations will be to compare the predictions of our stochastic population model based on a fixed set of matrices for each site and year with a dynamic model that includes density-dependent survival and reproduction. Demographic rates are likely also influenced by exogenous Notes: Effectively, the probability of successfully controlling Alliaria petiolata at each site is a proportion of the two shaded areas in Fig. 6 that fall above the zero growth isoclines. Values in parentheses indicate lower and upper 95% confidence limits calculated from 95% percentile intervals of stochastic population growth k S . Thus, the upper CL represents the best-case scenario for management in which the population growth rate is at the low end of the 95% percentile limit and the probability of management success is greatest. Note that the confidence interval for Ceutorhynchus scrobicollis overlaps zero at the IR, JP, and HL sites. This analysis assumes a uniform probability distribution for the magnitude of agent impacts. See Table 1 for an explanation of site and state codes.
environmental variation (e.g., temperature, precipitation). It may be fruitful to explore the manner in which variation in these factors could affect demographic rates and population dynamics as well (Crone et al. 2011 ). Ideally, a coupled plant-herbivore model could be developed that links the demography of A. petiolata with the biology of the biocontrol agents, which would allow generation of much more refined predictions.
The finding that A. petiolata loses its allelopathic capacity as populations age (Lankau et al. 2009 ) raises the question of whether this species will eventually lose all its invasive qualities and whether active management is even prudent or necessary. Although this is certainly possible, we feel that the potential for A. petiolata to cause less harm in the future does not preclude the need to prevent harm from occurring in the present. The negative impacts that younger invasions have on native communities and competitors could cause long-term changes in community structure and may take significant time to recover from, if at all. In light of this, we feel it is more prudent to be pro-active in managing A. petiolata until better information suggests otherwise. At the same time, this also suggests that because younger, more allelopathic populations have the greatest potential to cause harm, it would be reasonable to prioritize management of them initially. This parallels the prevailing wisdom that management within sites should focus on eliminating satellite populations and push back from the invasion front toward the core. It almost goes without saying that there is more harm to prevent in places where harm has not yet occurred. Still, the longterm temporal trajectories of A. petiolata population characteristics should not distract managers from focusing their efforts on protecting communities with the greatest conservation or ecological value.
Spatial and temporal variability in the demography of invasive plant populations can have profound implications for the effectiveness of population management. Our study underscores the importance of building our understanding of population dynamics on the assumption that populations will exhibit meaningful variation. We would have drawn very different and likely erroneous conclusions about invasiveness and the requirements for management effectiveness had our study been based on just a single site and/or generation of plants. The perspective gained from the multiyear stochastic modeling approach we employed brings the longer-term dynamics of each population into focus as the noise of individual year-effects is averaged out. It is this hierarchy of variation that collectively characterizes the population dynamics of invasive species and should be used both to understand invasiveness and to guide management decisions.
